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In a computerized method, a moving articulated figure is 
tracked in a Sequence of 2-D images measured by a monocu 
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figure in the Sequence of images. During a reconstructing 
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eters are refined using an expectation maximization tech 
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METHOD FORTRACKING THE MOTION 
OF A 3-D FIGURE 

FIELD OF THE INVENTION 

This invention relates generally to motion tracking 
Systems, and more particularly to tracking the motion of 3-D 
figures. 

BACKGROUND OF THE INVENTION 

There are many applications in computer graphics, ath 
letic performance analysis, and user-interfaces for 3-D figure 
and hand motion tracking technology. In motion capture for 
computer graphics, human motion is tracked in 3-D using a 
kinematic model. The kinematic model can then imbue the 
graphical models with realistic motion and dynamics. 

Having 3-D tracking output is critical in this application 
as it may be necessary to view the motion from any 
direction. Similarly, in Sports applications the ability to track 
an athlete's body motion during a complex task is an 
important tool for diagnosing medical problems and improv 
ing task execution. 

In current figure tracking Systems, measurements of figure 
motion are used to estimate State parameterS Such as joint 
angles in a previously-Specified kinematic model. There are 
a wide variety of measurements that have been employed, 
including optical, magnetic, and Sonar features. The optical 
approach embraces both target-based Systems in which the 
user wears a special Suit covered with retro-reflective targets 
and non-invasive Systems which employ image features 
extracted from an ordinary Video Sequence. In the magnetic 
and Sonar approaches, targets attached to each link of a 
person's body can be tracked in 3-D using special emitter 
receiver hardware. 

What all of the above approaches have in common is the 
use of a previously specified kinematic model in order to 
correctly register the measurement data. This model must 
include, among other things, the distances between the joint 
centers, the 3-D locations where kinematic chains Such as 
arms and legs attach to the torSo, and the orientation of the 
joint axes. This is a significant amount of information which 
can be difficult to obtain accurately. 

There has been a great deal of work on 3-D human body 
tracking using 3-D kinematic models. Most of these 3-D 
models employ gradient-based estimation Schemes, and, 
therefore, are Vulnerable to the effects of kinematic Singu 
larities. Methods that do not use gradient techniques usually 
employ an ad-hoc generate-and-test Strategy to Search 
through State Space. The high dimensionality of the State 
Space for an articulated figure makes these methods dra 
matically slower than gradient-based techniques that use the 
local error Surface gradient to quickly identify good Search 
directions. As a result, generate-and-test Strategies are not a 
compelling option for practical applications, for example, 
applications that demand results in real time. 

Gradient-based 3-D tracking methods exhibit poor per 
formance in the vicinity of kinematic Singularities. This 
effect can be illustrated using a simple one link object 100 
depicted in FIG. 1a. There, the link 100 has one DOF due 
to joint 101 movably fixed to some arbitrary base. The joint 
101 has an axis of rotation perpendicular to the plane of FIG. 
1a. The joint 101 allows the object 100 to rotate by the angle 
0 in the plane of the Figure. 

Consider a point feature 102 at the distal end of the link 
100. As the angle 0 varies, the feature 102 will trace out a 
circle in the image plane, and any instantaneous changes in 
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2 
State will produce an immediate change in the position of the 
feature 102. Another way to state this is that the velocity 
vector for the feature 102, V, is never parallel to the 
Viewing direction, which in this case is perpendicular to the 
page. 

In FIG. 1b, the object 100 has an additional DOF. The 
extra DOF is provided by a mechanism that allows the plane 
in which the point feature 102 travels to “tilt' relative to the 
plane of the page. The Cartesian position (x, y) of the point 
feature 102 is a function of the two state variables 0 and (p 
given by: 

x=cos(p) sin (0), y=COS (0). 

This is simply a spherical coordinate System of unit radius 
with the camera Viewpoint along the Z axis. 
The partial derivative (velocity) of any point feature 

position with respect to the State, also called the "Jacobian,” 
can be expressed as: 

dy -sin(0)sin(d) cos(0)cos(b) did E=lda C dy O - sin(0) 8 

Singularities arise when the Jacobian matrix J loses rank. 
In this case, rank is lost when either sin(p) or sin(0) is equal 
to Zero. In both cases, Jodq=0 for state changes dd=1 O), 
implying that changes in (p cannot be recovered from point 
feature measurements in this configurations. 

Singularities impact visual tracking by their effect on State 
estimation using error minimization. Consider tracking the 
object 100 of FIG. 1b using the well known Levenberg 
Marquardt update Step: 

where A is a Stabilizing matrix with diagonal entries. See 
Dennis et al., “Numerical Methods for Unconstrained Opti 
mization and Nonlinear Equations.” Prentice-Hall, Engle 
wood Cliffs, N.J., 1983 for details. 
At the Singularity sin(p)=0, the update step for all trajec 

tories has the form dd=0C, implying that no updates to p 
will occur regardless of the measured motion of the point 
feature 102. This singularity occurs, for example, when the 
link rotates through a plane parallel to the image plane, 
resulting in a point velocity V which is parallel to the 
camera or VIeWing aXIS. 

FIG. 2 graphically illustrates the practical implications of 
Singularities on tracker performance. In FIG. 2, the X-axis 
plots iterations, and the y-axis plots the angle (p in terms of 
radians. The stair-stepped solid line 201 corresponds to 
discrete steps in p of a simulation of the two DOF object 100 
of FIG. 1b. The Solid line 201 shows the state estimates 
produced by the update equation as a function of the number 
of iterations of the solver. 
The increased “damping” in the estimator, shown by the 

dotted line 202, as the trajectory approaches the point when 
(p=0 is Symptomatic of tracking near Singularities. In this 
example, the Singular State was never reached. In fact, at 
point 204, the tracker makes a Serious error and continues in 
a downward direction opposite the true motion as a conse 
quence of the usual reflective ambiguity under orthographic 
projection. This is shown by the dashed line 203. A correct 
tracker would follow the upward portion of the Solid line 
2O1. 

In addition to Singularity problems, tracking with 3-D 
kinematic models also requires the 3-D geometry of the 
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object to be known in advance, particularly the lengths of the 
linkS. In order to track a particular perSon, the figure model 
must first be tuned So that the arms, legs, and torSo have the 
correct dimensions. This can be non-trivial in practice, due 
to the difficulty of measuring the exact locations of the joint 
centers in the images. 

In one prior method, a two stage tracking technique is 
used to track hand gestures. See Shimada et al. in "3-D Hand 
Pose Estimation and Shape Model Refinement from a 
Monocular Image Sequence.” Intl. Conf. on Virtual Systems 
and Multimedia, pp. 423-428, Gifu, Japan, Sep. 18, 1996, 
and Shimada et al. in “Hand Gesture Recognition Using 
Computer Vision Based on Model-Matching Method.” Sixth 
Intl. Conf. on Human-Computer Interaction, Yokohama, 
Japan, Jul. 9, 1995. 

In their first Stage, hands are tracked using a crude 3-D 
estimate of hand motion that is obtained by matching to 
extracted Silhouettes. In their Second Stage, model param 
eters are adapted using an Extended Kalman Filter (EKF). 

The first Stage of their Sampling is based on adaptive 
Sampling of the State Space, and requires a full 3-D model. 
This limits the method to situations where complete 3-D 
kinematic models are available. Furthermore, the adaptive 
Sampling is dependent on the dimensions of the links, and 
requires Separate models for hands of varying sizes. 

The Second Stage adapts a previously specified 3-D kine 
matic model to a particular individual. This requires fairly 
close agreement between the original model and the Subject, 
or else the EKF may fail to converge. 

Another method is described by Ju et al. in “Cardboard 
people: A Parameterized Model of Articulated Image 
Motion,' Intl. Conf. Automatic Face and Gesture 
Recognition, pp. 38–44, Killington, Vt., 1996. There, each 
link is tracked with a separate template model, and adjacent 
templates are joined through point constraints. The method 
is not explicitly connected to any 3-D kinematic model, and, 
consequently, does not Support 3-D reconstruction. In 
addition, the method requires a fairly large number of 
parameters which may degrades performance because noise 
is more likely to be introduced. 

Therefore, there is a need for a tracking method that can 
estimate the motion of a 3-D figure without exactly knowing 
the exact initial configuration of the figure. 

SUMMARY OF THE INVENTION 

The invention provides a computerized method for track 
ing a moving articulated figure, Such as a human body, in a 
Sequence of 2-D images measured by a single monocular 
Caca. 

The method employs two distinct Stages, a first optional 
registration State, and the reconstruction Stage according to 
the invention. During the optional registration Stage, the 
images of the Sequence are registered with each other using 
a novel 2-D “scaled” prismatic model (SPM). 
The model includes a plurality of Scaled prismatic links 

connected by revolute joints. Each link has two degrees of 
freedom: rotation around an axis perpendicular to the image 
plane at a base joint of the link, and uniform translation 
along a prismatic axis of the link. 

ASSociated with each link is a template. Each template 
includes a plurality of pixels representing a portion of the 
articulated figure. The pixels of each template rotate and 
Scale relative to two State trajectory parameters 0 and d of 
each link. The dimensions of the template are a width W, and 
a height h. The template can use an intrinsic coordinate 
System (u, v) which is stable with respect to the coordinate 
System used for the model (x, y). 
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4 
The registering Stage produces a State trajectory for the 

figure in each image of the Sequence. It should be noted that 
other methods for obtaining the State trajectory can also be 
used, however, the above method is preferred. 

During the present reconstructing Stage, the 3-D model is 
first fitted to the State trajectory by minimizing a first cost 
function. This produces estimated kinematic parameters. 
The estimated kinematic parameters are then refined using 
the original image Sequence. During the refinement Step, the 
kinematic parameters are globally estimated using a novel 
application of the Expectation-Maximization algorithm. The 
algorithm partitions the kinematic parameters into State 
parameters and intrinsic parameters. 
The estimating iteratively alternates between estimating 

the State parameters while holding the intrinsic parameters 
constant, and Vice versa. The reconstruction process termi 
nates when the parameters converge, that is, any residual 
error in the parameters is minimized. 

BRIEF DESCRIPTION OF THE DRAWINGS 

FIG. 1a is a planar view of an object having one degree 
of freedom in its movement; 

FIG. 1b is a planar view of the object of FIG. 1a with two 
degrees of freedom in its movement; 

FIG. 2 is a graph showing errors due to Singularities 
experienced by the object of FIG. 1b while using a prior art 
tracking method; 

FIG. 3 is a flow diagram of two stages of a figure tracking 
method; 

FIG. 4 is a projection of an articulated 3-D model repre 
Senting a human figure onto an image plane; 

FIG. 5a shows the relative movement of points on a single 
link of the model of FIG. 4 due to rotation; 
FIG.5b shows the relative movement of points on the link 

due to Scaling; 
FIG. 5c shows a pixel template attached to the link; 
FIG. 6 is graph showing tracking through a singularity 

using a Scaled prismatic model; 
FIG. 7a is flow diagram of a reconstruction stage of the 

figure tracking method, and 
FIG.7b is a flow diagram of an expectation maximization 

proceSS, 

FIG. 8 is a flow diagram of a method for compressing a 
Video using an encoder and a decoder. 

DETAILED DESCRIPTION OF THE 
PREFERRED EMBODIMENT 

Described herein is a new class of “scaled' prismatic 
kinematic models (SPM) for 2-D tracking of articulated 
objects Such as figures, hands, robot manipulators, animals, 
and humans. This new class has three advantages over 
models known in the prior art: 
SPM do not have the debilitating singularities that con 

ventional 3-D kinematic models used in tracking often 
pOSSeSS, 

SPM can be derived from conventional 3-D models, and 
it can be proven that SPM are capable of representing 
the image plane motion of all 3-D articulated objects 
with a minimum number of parameters, and 

the direct connection between SPM and 3-D models 
makes their tracked output easier to interpret. AS a 
result, the design and application of these models are 
more convenient. 
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FIG. 3 shows the basic two stages of a method 300 for 
figure tracking using the SPM. The method includes a first 
“2-D figure registration” stage 310, and a second "3-D figure 
reconstruction” stage 320. The first stage 310 takes as input 
a monocular (2-D) sequence of imageS 301. The first stage 
310 employs a 2-D kinematic model to track a figure in the 
images. As an advantage, the method 300 does not suffer 
from the Singularity problems described above. In addition, 
the method 300 does not require, a prior, exact 3-D infor 
mation about the figure, Such as arm or leg lengths. 

The output of the registration Stage 310 is a State trajec 
tory 302 for the figure in the image sequence 301. The state 
trajectory 302 registers (aligns) the 2-D model with the pose 
of the projected pose of the figure in each image in the 
sequence 301. The state trajectory 302 is provided as input 
to the second stage 320. 

The 3-D reconstruction stage 320 globally solves the state 
trajectory 302 to determine kinematic parameters 303 of a 
3-D kinematic model that best fit the measurements. In the 
reconstruction Stage 320, additional information Such as 
Smoothness constraints or object dynamics can be employed 
to overcome the loSS of measurements near Singularities, 
e.g., knees act as hinges with a limited amount of rotation. 

The Separate reconstruction Stage 320 makes it possible to 
solve for fixed kinematic parameters 303, such as link 
lengths, while variable parameterS Such as joint angles are 
estimated. For Some applications, Such as Video editing or 
Surveillance, the reconstruction Stage 320 may not even be 
necessary. Other applications may derive the State trajectory 
302 using different methods, and only use the reconstruction 
Stage 320. Both Stages have separate and distinct advan 
tageS. 

The 2-D Registration Stage 
AS Stated above, prior art 3-D kinematic models even 

have difficulty tracking simple articulated objects under 
certain types of motion due to the presence of kinematic 
Singularities. To overcome the Singularity problem, a 2-D 
“scaled” prismatic model (SPM) is used to provide a com 
plete description of the 2-D kinematic constraints of a 
moving articulated 3-D object. 
As shown in FIG. 4, the SPM can be viewed as “projec 

tions” of a 3-D model 401 onto a 2-D image plane 410. The 
Scaled prismatic model provides the Strongest possible con 
Straints that do not result in Singularity problems, thereby 
maximizing robustness to image noise. 

The Scaled prismatic model acts in a plane parallel to the 
image plane 410 and describes all possible image projec 
tions of the equivalent 3-D model 401 under orthographic 
projection. Links in the SPM have the same connectivity as 
the 3-D figure. 

Each SPM link, for example, link 402, has two degrees of 
freedom, rotation (0) 404 around an axis 405 perpendicular 
to the image plane 410 at a base joint 403, and uniform 
Scaling along its length (L). Each link is thus described by 
two parameters, its angle of rotation 0, and its Scaled 
prismatic length d in a direction n. A template or pixel 
region is “attached” to each link which rotates and Scales 
with it. The templates can be the head, torso, and limbs of 
a human figure. The templates define, for example, a rect 
angular region of pixels. 

FIGS. 5a and 5b show these parameters for a single SPM 
link 501 with a base joint 502. The amount of link motion 
due to rotation is shown in FIG. 5a, and the motion due to 
scaling the length of the link is shown in FIG. 5b. The 
relative amount of motion (Velocity) is shown in the Figures 
by the directed arrows generally labeled V. The link 501 is 
attached by base joint 502 to a previous link 503, and to a 
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6 
next link 505 by its base joint 504. The links 503, 501, and 
505 can model, for example, the upper arm, lower arm, and 
hand. In this case, the joints 502 and 504 model the elbow 
and wrist. 
As shown in FIG. 5c, each link is associated with a pixel 

template 510. The template has a width w and a height h, 
defining an intrinsic coordinate System (u, v). The pixels of 
the templates rotate and Scale according to the relative 
motion of the links as shown in FIGS. 5a and 5b. 
The basic intuition behind the scaled prismatic model is 

the fact that 3-D line Segments project to 2-D line Segments 
under the action of a camera model. This means that the 
motion of a 3-D line Segment projected onto the image plane 
can be parameterized for a 2-D scaled link by only four 
numbers: image position in a plane (x and y), angle of 
rotation (0), and link length (d). 
A kinematic chain of 3-D links connected by joints will 

produce a corresponding chain of 2-D line Segments in the 
image. For a human figure, the kinematic constraints further 
require that the endpoint of each line Segment remains 
attached to its neighbor, i.e., the limbs do not fly apart during 
figure motion. Other obvious motion constraints of the 
figure can also be applied. 

In the general case, for any arbitrary motion, each 2-D 
link in the SPM or image plane model has only two degrees 
of freedom (DOFs), rotation in the image plane and Scaling 
along its length. These DOFs can be represented in the SPM 
as one revolute and one prismatic joint per link. 
The forward kinematics (state trajectory) for the SPM 

Specify the 2-D configuration of links as a function of the 
degrees of freedom. Each link in the SPM has an associated 
link coordinate frame. The kinematics Specify the param 
eterized transformations between these coordinate frames as 
a matrix: 

cos(6) - sin(6) 0 1 0 d 
T(q) = | sin(0) cos(0) () O 1 O 

O O 1 O O 1 

sin(0) cos(8) sin(0)d 
cos(6) - sin(0) cos(6)d 

O O 1 

where 0 is the angle of rotation about a revolute joint whose 
axis is perpendicular to the image plane and d is the 
translation along the prismatic joint axis X. 
The kinematic transformation from frame to frame in an 

image Sequence described by the above equation also 
applies to the template attached to each link. The pixels of 
the templates describe the overall appearance of the link as 
measured by a camera. The prismatic DOF for each link will 
Scale the template at the same time that it translates the 
coordinate frame. Each template has an intrinsic coordinate 
System (u, v) with height h and width w, that is a rectangle. 
The forward mapping from template coordinates (u, v) to 

image coordinates (x, y) is given by: 

where b=V/h gives the pixel position relative to the Scaling 
of the link. In this model, the template is attached to an 
intermediate coordinate frame after the rotation but before 
the translation. Of course, any constant Scaling and offset 
between the template and link coordinates can also be 
included through a change of variables. 
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Given the Jacobian (J), the SPM can be employed with 
any Standard gradient-based tracking Scheme. In an Appen 
dix attached hereto, the Jacobian equations for the present 
model are derived. The derivation proves two important 
results: 

first, any 3-D kinematic chain has a unique SPM that can 
exactly represent the projection of the 3-D model onto 
the image plane; and 

second, the only singularities in the SPM occur when a 
link's length d becomes Zero. 

The implications of these type of Singularities, which are 
small in comparison to the prior art 3-D models, will be 
described below. 

The SPM has been tested both with synthetic and real 
image Sequences. The graph shown in FIG. 6 shows the 
result of applying a single link SPM to the two DOF 
example object of FIG. 1b. In FIG. 6, the x-axis plots 
iterations like FIG. 2 above, and the y-axis the Scaled length 
of the link in terms of “unit' pixels. In other words, here the 
extension length rather than the angle of rotation is recov 
ered. 

The stair-stepped solid line 601 corresponds to discrete 
steps in a simulation of the two DOF object of FIG.1b using 
the SPM. The dotted line 602 shows that the SPM correctly 
tracks the link as its length increases and then decreases, 
without excessive damping. 

In contrast to the prior art 3-D tracking results shown in 
FIG. 2, the SPM correctly follows the link motion through 
out the Sequence. There is no appreciable change in the 
convergence rate around the point when (p=0, e.g., the length 
remains about 70 pixels, and no loSS of track. 

The 3-D Reconstruction Stage 
FIG. 7a Shows the basic Steps of the 3-D reconstruction 

stage 320. The reconstruction stage 320 has two basic steps. 
The first step 740 fits the 3-D model to the 2-D SPM 
measurements, and the second step 750 refines the estimate 
by returning to the original Sequence of images. 

Fitting 3-D Model to SPM Parameters 
The first step 740 can be done using global joint optimi 

Zation. Because there are no missing parameters, there will 
be correspondence between the measurements, i.e., the SPM 
states and the 3-D model parameters. The 3-D model param 
eters can be expressed as State (extrinsic) parameters and 
intrinsic parameters. The State and intrinsic parameters are 
estimated in a batch mode by minimizing a cost function of 
the form: 

where the vector Q is the concatenation of the State param 
eter estimates acroSS all frames, I at this point is the constant 
vector of intrinsic parameters, and M is the State trajectory 
vector of registration data 302 obtained from the SPM state 
estimates in each frame during the first registration Stage 
310. 

The vector Q will have nm elements, where n is the 
number of State parameters in the 3-D kinematic model and 
m is the number of frames in the sequence. Similarly, M will 
have length 2 pm where p is the number of SPM links used 
in the registration Stage. 

The function F. above determines the residual error 
between the image plane projection of the 3-D kinematic 
model in each frame of the Sequence, and the corresponding 
measurements obtained from the SPM in the registration 
stage 310. This term is minimized when the 3-D model is 
correctly aligned (fitted) with the 2-D model across all of the 
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8 
frames. A representative choice would be the image plane 
distance between the joint centers for each link in the model. 
The Second term in the equation, S(Q), determines the 

Smoothness of the State trajectory Q across the Sequence of 
images. A representative choice would be the magnitude of 
the State Velocity. This term can also include a dynamic 
model for the object and information about joint limits. The 
A term controls the amount of Smoothness. This constant can 
be adjusted to yield the desired level of smoothness. Note 
that it may be necessary to adjust the relative Scale of the 
Step sizes for the intrinsic and State parameters to ensure 
good convergence. 
The fitting step 740 requires that the intrinsic parameters 

(I) are known. Therefore, during the first iteration, the 
intrinsic parameters are initialized with a Set of nominal 
values. If the figure is a perSon, then the Set of nominal 
values can be obtained from anthropological population 
Studies. AS an advantage, the nominal values do not need to 
be exact for the reconstruction process to converge. 

The State parameters are initialized to Zero in each frame. 
The estimate for the state parameters should be unaffected 
by the choice of initial conditions, modulo the usual reflec 
tive ambiguity under orthographic projection. 
The fitting step 740 can employ any batch non-linear 

least-squares estimation technique. A representative 
example is the well-known Levenberg-Marquardt update 
Step as described above. 

Refining Estimate 
In the second step of reconstruction 750, the estimated 

State and intrinsic parameters are refined by minimizing a 
new cost function over the original Sequence of imageS 301: 

where V is the video sequence 301. The function F deter 
mines the residual error between the 2-D projections and the 
3-D kinematic models in each frame of the image Sequence. 
This term is minimized when corresponding pixels acroSS 
the image Sequence are as Similar as possible. A represen 
tative choice for the residual at a pixel with intrinsic tem 
plate coordinates (u, v) in the 3-D kinematic model is its 
Sample variance across the Sequence: 

F(Q, I, V) = 1 / n) (1, (f(Q, , u, v) - Iol 

where I denotes one of n video frames, and Io is the average 
image intensity: 

The function f(Q, , u, v) gives the image plane position 
u,v of each pixel in each frame in terms of the intrinsic 
parameters I and the State parameter in that frame, Q. The 
total residual F, would be obtained by summing F over all 
pixels generated by the figure model. 

In this example, the function F is minimized when the 
pixels are registered So that the color or intensity at corre 
sponding pixel positions varies minimally from frame to 
frame. One possible advantage of this residual measure, over 
ones used in Sequential tracking, is that it does not give 
preferential treatment to any Single Video frame in the 
Sequence. 
The second step 750 of the reconstruction process can 

employ a novel application of the well known Expectation 
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Maximization (EM) algorithm as described by Redner et al. 
in “Mixture Densities, Maximum Likelihood, and the EM 
Algorithm." SIAM Review, 26:195-239, 1994. The EM 
algorithm Simultaneously estimates two parameter Sets. EM 
is an iterative algorithm that alternates between the two Sets 
of parameters, estimating one Set while holding the other Set 
fixed, and Vice versa. As an advantage, it is guaranteed to 
converge. 

Therefore, as shown in FIG. 7b, the state parameters 701 
and intrinsic parameters are alternatively estimated. In Step 
710, the state parameter 701, such as joint angles and link 
lengths, will take on new values for each frame in the image 
sequence while the intrinsic parameters 702 remain fixed. In 
step 720, the state parameters remain fixed while the intrin 
sic parameters are updated to compensate for any residual 
error in the trajectory estimate. Steps 710 and 720 alternate 
until the parameters converge in step 730. 

Using an expectation maximization technique in refining 
the estimate over the original image Sequence may help 
prevent undesirable interactions between the intrinsic and 
State parameters during estimation. If these interactions were 
not a concern, a Standard batch nonlinear estimator could be 
used for the Second Step as well as the first. 

The fitting and refining steps 740 and 750 can be repeated 
until the residual error is reduced to an acceptable level. This 
yields a 3-D estimate for the motion of a figure in a 
monocular Sequence of images, and a corresponding esti 
mate for kinematic parameterS Such as link lengths or 
rotation axis directions. 

Video Compression 
One possible application of the present method is for very 

low-bit rate compression of articulated motion, for example 
in the context of an MPEG-4 coding Scheme as shown in 
FIG. 8. A single monocular camera 850 measures pixel 
values in a Scene 811 that includes a moving figure. The 
pixel values can include light intensity and color information 
over time. The values are digitized as an input Sequence of 
images of a video, i.e., frames 801. 

The frames 801 are presented to an encoder 810 that uses 
the Scaled prismatic model as described above to track 
articulated motion of the figure in an image plane. The 
encoder 810 produces a time Series of State vectors contain 
ing SPM kinematic parameters 800, as described above. For 
each frame 801, the SPM kinematic parameters can be 
transmitted, along with other varying image motion param 
eters over a channel 815 to a decoder 820. Substantially 
static template information and the SPM model (830) can be 
transmitted at initialization time, and updated as needed. 

The decoder 820 uses the forward kinematic model as 
described above to reconstruct the figure in the scene 511 
based on the transmitted motion and template information. 
The reconstruction produces an output Sequence of images 
802 that can be rendered on a viewing device 860, e.g., a 
television or WorkStation monitor. 

In cases where the figure occupies a large portion of the 
Scene, the compression rate can be Substantial. This is So 
because a detailed 2-D human figure model has only 30 
parameters, 14 links with 2 parameters each, and 2 addi 
tional parameters for global translation. Transmitting just the 
parameters consumes much leSS bandwidth on the channel 
815 than transmitting the raw pixel data. As an additional 
advantage, the figure can be reconstructed and rendered as 
if the camera was placed at a different viewing angle. 

It is understood that the above-described embodiments are 
simply illustrative of the principles of the invention. Various 
other modifications and changes may be made by those 
skilled in the art which will embody the principles of the 
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10 
invention and fall within the Spirit and Scope thereof as Set 
out in the claims attached. 

APPENDIX 

Jacobian equations for a scaled prismatic model (SPM) 
are derived, and the models Singularity properties are ana 
lyzed. 

Kinematics 

Each link I in an SPM is a 2-D line segment described by 
two parameters, an angle 0 theta and a length d. To deter 
mine the residual Jacobian for the SPM, it is necessary to 
find expressions for the Velocity of the distal point on a link 
due to changes in the angles 0 and length d of all previous 
links in the kinematic chain. 

Because a column of the Jacobian, J, maps the State 
Velocity dd to a residual Velocity by finding the residual 
Velocity in terms of this State, it is possible to obtain an 
expression for J. If q=0 is the angle of a revolute joint of the 
Scaled prismatic model, it will contribute an angular Velocity 
component to links further along the chain given by ()=dqa. 
Here, C. is the axis of rotation. For the 2-D model this is just 
the Z axis. 

The image velocity, V, of a point at location r on the 
kinematic chain resulting from this rotation is given by: 

where the orthographic projection P Selects the X and y 
components. This equation expresses the desired mapping 
from State Velocities to image Velocities giving the compo 
nents of the column Jacobian, J. 

O link k where k < i 
fii = 

r2d link k where k > i 

If q =d refers to the Scaled prismatic component of the 
SPM, its derivative will contribute a velocity component to 
points on link I proportional to their position on the link: bg, 
where b is the fractional position of the point over the total 
extension qi. 
The Velocity component for a point, p, on the link is thus 

v=bqdqn, Subsequent links, j>I, will be affected only by 
the end-point extension of the link, and So have a Velocity 
component from this joint given by V-qdqn. The Jacobian 
column for an extension parameter, q, is given by: 

O ink k, where k < i 

di = | bgn linki 
qin link k, where k > i 

It can be shown that given certain modeling assumptions, 
there exists a 2-D model, with the above Specifications, that 
is flexible enough to capture the projected image of any State 
of a 3-D model. The assumptions are that manipulator links 
are locally planar and that the 3-D model is a branched chain 
of linkS connected at their end-points by revolute joints. 
Then, more formally: 

Proposition 1 
Every 3-D model has a unique corresponding 2-D model, 

and the 2-D model class is complete in that every State of any 
projected, branched, linear-chain 3-D model can be 
expressed as a State of the corresponding 2-D model. 
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Proof: Consider the graph of a 3-D kinematic model with 
each joint represented by a vertex and each link by an 
edge. This graph defines a unique 2-D model where edges 
map to line Segments (scaled projected prismatic links) in 
the image plane, and vertices map to revolute joints. 
When a 3-D model in a given State is projected onto a 
plane, its links remain linear and connectivity is the Same, 
and thus its graph is unchanged. The State of the 2-D 
model that captures this projection and 3-D State is 
Specified by the distances in the plane between connected 
joints and the angles between links that share joints. 
Hence, the 2-D model class can capture any projected 3-D 
model in any State. 
Singularity Analysis 
The key advantage of the 2-D model is the location of the 

Singularities. In the 3-D model, the Singularities occur in the 
frequently traversed region of configuration Space where 
linkS pass through the image plane. Here it is shown that the 
2-D model only has singularities when d-0, corresponding 
to a 3-D link aligned along the focal axis of the camera, and 
that the Singular direction is perpendicular to the entering 
Velocity and SO usually does not affect tracking. 

Proposition 2 
Given X and y measurements of terminal end points of 

each joint in a linear chain Scaled-prismatic manipulator, 
observable Singularities occur if and only if at least one of 
the joint lengths is Zero. 
Proof: A State vector is defined to include pairs of compo 

nents for each link: q=0, d, ..., 0d", and the residual 
Vector is the error in X and y end-point positions of each 
link. Begin by assuming that the proposition holds for a 
n-1 link manipulator with Jacobian J. The Jacobian for 
the n length manipulator is given by: 

, -", B C 

where J is a Square matrix of Size n-2. Matrix A is of size 
n-2x2, and expresses the dependence of the nth links 
parameters on the position of the other linkS positions, and 
So is Zero. Matrix C and its Square are given as: 

C = E. - disin(0F.) . CC- 1 
sin(6F) dicos(6) 0 di 

where 

It can be seen that the matrix C has a rank of two if and only 
if dz0. 

If C has rank two, then the bottom two rows of J, are 
linearly independent of all other rows, and if J. is full rank, 
then J, must have rank 2 n. If C or J-1 do not have full rank, 
then J will not have rank 2 n, and there will be an 
observable Singularity. To complete the proof, it is only 
necessary to demonstrate that the proposition applies to the 
base case, n=1. Here the whole Jacobian is given by C which 
has full rank only when dz0. Thus the proposition is 
proven. 
A further mitigating property of the 2-D singularities is 

that unlike in the 3-D observable singularities where the 
Singular direction is along the motion trajectory, the Singular 
direction in the 2-D case is always perpendicular to the 
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12 
direction in which the Singularity was entered. Hence a 
manipulator will typically pass through a 2-D singularity 
without the increased damping caused by moving along a 
Singular direction. Only when the link enters in one 
direction, and leaves orthogonally does the Singularity 
obstruct tracking. In tracking human figures, this is an 
unlikely situation. 
We claim: 
1. A computerized method for tracking a moving articu 

lated figure in a Sequence of 2-D images, comprising the 
Steps of 

fitting a 3-D kinematic model of the figure to a State 
trajectory of a 2-D model of the figure to estimate 3-D 
kinematic model parameters, the State trajectory com 
prising a Sequence of State vectors, each State vector 
comprising parameters describing the figure in a cor 
responding image; and 

refining the estimated 3-D kinematic model parameters by 
fitting a 3-D kinematic model of the figure to the 
original Sequence of images, the fitting comprising 
adjusting the 3-D kinematic model parameters So as to 
minimize residual error between a 2-D projection of the 
3-D kinematic model and pixel measurements in each 
frame of the image Sequence. 

2. The method of claim 1 wherein the 3-D kinematic 
model parameters are estimated by minimizing a first cost 
function of the form: 

where a vector Q is the concatenation of estimated State 
kinematic parameters of the 3-D kinematic model acroSS all 
imageS of the Sequence, I represents intrinsic kinematic 
parameters of the 3-D kinematic model, and M is a vector 
representing the State trajectory. 

3. The method of claim 2 wherein the refining includes 
minimizing a Second cost function of the form: 

where a vector Q is the concatenation of the estimated State 
kinematic parameters of the 3-D kinematic model, acroSS all 
images of the Sequence, I represents intrinsic kinematic 
parameters of the 3-D kinematic model, and V is the 
Sequence of images. 

4. The method of claim 3 including partitioning the 
kinematic parameters of the 3-D kinematic model into State 
kinematic parameters and intrinsic kinematic parameters, 
the State kinematic parameters having varying values over 
the Sequence of imageS while the intrinsic kinematic param 
eters remaining fixed throughout the Sequence of images. 

5. The method of claim 4 including estimating the state 
kinematic parameters and the intrinsic kinematic parameters 
using an expectation-maximization algorithm, the 
expectation-maximization algorithm iteratively estimating 
the State kinematic parameters while holding the intrinsic 
kinematic parameters fixed, and iteratively estimating the 
intrinsic kinematic parameters while holding the State kine 
matic parameters fixed until the State kinematic parameters 
and the intrinsic kinematic parameters each converge. 

6. The method of claim 5 including initializing the intrin 
sic kinematic parameters to a set of nominal values during 
a first iteration of estimating the State kinematic parameters. 

7. The method of claim 2 wherein intrinsic kinematic 
parameters comprise 3-D link lengths. 

8. The method of claim 2 wherein intrinsic kinematic 
parameters comprise 3-D rotation axis directions. 
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9. The method of claim 2 wherein state kinematic param 
eters comprise joint angles. 

10. The method of claim 2 wherein the function F. 
determines a residual error between a projection of the 3-D 
kinematic model on an image plane and corresponding 
measurements determined by the State trajectory. 

11. The method of claim 10 wherein the residual error is 
related to the image plane distance between joint centers of 
a Scaled prismatic model and a projection of the 3-D 
kinematic model. 

12. The method of claim 3 wherein the function F. 
determines a residual error that measures similarity of 
corresponding pixels as determined by the projection of the 
3-D kinematic model across the image Sequence. 

13. A computer program product for tracking a moving 
articulated figure in a Sequence of 2-D images, the computer 
program product comprising usable medium having com 
puter readable code thereon, including program code which: 

fits a 3-D kinematic model of the figure to a state 
trajectory of a 2-D model of the figure to estimate 3-D 
kinematic model parameters, the State trajectory com 
prising a sequence of State vectors each State vector 
comprising parameters describing the figure in a cor 
responding image; and 

15 

14 
refines the estimated 3-D kinematic model parameters by 

fitting a 3-D kinematic model of the figure to the 
original Sequence of images, the fitting comprising 
adjusting the 3-D kinematic model parameters So as to 
minimize residual error between a 2-D projection of the 
3-D kinematic model and pixel measurements in each 
frame of the image Sequence. 

14. A System for tracking a moving articulated figure in a 
Sequence of 2-D images, comprising the Steps of: 
means for fitting a 3-D kinematic model of the figure to 

a State trajectory of a 2-D model of the figure to 
estimate 3-D kinematic model parameters, the State 
trajectory comprising a Sequence of State vectors, each 
State vector comprising parameters describing the fig 
ure in a corresponding image; and 

means for refining the estimated 3-D kinematic model 
parameters by fitting a 3-D kinematic model of the 
figure to the original Sequence of images, the fitting 
comprising adjusting the 3-D kinematic model param 
eters So as to minimize residual error between a 2-D 
projection of the 3-D kinematic model and pixel mea 
Surements in each frame of the image Sequence. 

k k k k k 


